Using the simulated data of Problem 2 for Genetic Analysis Workshop 14 (GAW14), we investigated the ability of three bootstrap-based resampling estimators (a shrinkage, an out-ofsample, and a weighted estimator) to reduce the selection bias for genetic effect estimation in genome-wide linkage scans. For the given marker density in the preliminary genome scans (7 cM for microsatellite and 3 cM for SNP), we found that the two sets of markers produce comparable results in terms of power to detect linkage, localization accuracy, and magnitude of test statistic at the peak location. At the locations detected in the scan, application of the three bootstrap-based estimators substantially reduced the upward selection bias in genetic effect estimation for both true and false positives. The relative effectiveness of the estimators depended on the true genetic effect size and the inherent power to detect it. The shrinkage estimator is recommended when the power to detect the disease locus is low. Otherwise, the weighted estimator is recommended.
Background
After a genetic marker or candidate gene has been identified from a genome-wide scan as a putative disease susceptibility locus, it is of interest to estimate the associated genetic effect on the related phenotype. However, locusspecific effect estimates are subject to upward selection bias because of stringent test criteria adopted in genomewide scans. Göring et al. [1] formally raised this issue and argued that reliable locus-specific parameter estimates can only be obtained in an independent sample. Sun and Bull [2] proposed three resampling-based estimators that can be applied to the original sample at the location where the maximum test statistic exceeds a genome-wide significance criterion. They demonstrated effective bias reduction in analytic and simulation studies of a homogenous population with a single disease gene. In their simulation studies, they compared a catalog of resampling methods, including cross-validation and bootstrapping, and their results suggested that bootstrap methods perform best in terms of smaller mean squared error. Therefore, we focused on the bootstrap method in the current study.
The simulated data of Problem 2 for Genetic Analysis Workshop 14 (GAW14) provided a microsatellite marker map of 416 markers with a resolution of 7 cM and a denser single-nucleotide polymorphism (SNP) marker map of 917 markers with 3-cM density. The disease expression was under the influence of multiple genes in a complex manner. We compared performance of the two maps in multipoint linkage analysis in terms of power and localization accuracy. The main objective of this study was to further investigate the effectiveness of bootstrap resampling methods in reducing the bias of genetic effect estimates in genome-wide linkage scans. The new methods, were applied to both the microsatellite and SNP data for selected replicates. With the knowledge of the answers to the simulated data, we were able to investigate the performance of the new methods under stratification of true and false positives.
Methods
To evaluate the power to detect linkage, we conducted multipoint analyses in all the 100 replicates using ALLE-GRO [3] . There were four populations Aipotu (AI), Danacaa (DA), Karangar (KA), and New York (NY) in each replicate. AI, DA, and KA included only nuclear families, while NY had multigeneration extended pedigrees. Because some of the large NY families (size > 25 bits) required too much execution time to complete the analysis in a reasonable time, the NY population was excluded. We adopted the exponential allele-sharing model of Kong and Cox [4] and used Spair as the scoring function for affected relatives. The genetic effect was measured by δ the excess identity-by-descent (IBD) allele-sharing parameter in this model. The genome-wide significance criterion was set to 2.2 × 10 -5 [5] , corresponding to a Zlr value of 4.09, where Zlr is the test statistic for linkage in the exponential model. In each replicate of the three populations, we identified all loci that met the significance criterion.
We implemented a simple bootstrapping method in this study. Suppose that the original dataset has n families; we repeatedly drew random samples of size n with replacement from it. In each bootstrap replication b (b = 1, ..., B), the selected families constitute the detection sample, and the remaining families (out-of-sample families) comprise the estimation sample, thus providing independence within each of the B resampling replications. To reduce the upward selection bias in the genetic effect estimates of δ we implemented three bootstrap-based estimators [2] : a shrinkage estimator defined by , an outof-sample estimator , and a weighted estimator , where ω = 0.632 was analogous to Efron's 0.632 estimator [6] .
We first obtained the naïve estimate, , at location m D , where the maximum test statistic exceeded the significance criterion in the original data. Note that the location m D was the overall gene localization and the three boot-strap-based estimators were then applied only to genetic effect estimation at this location. weight was chosen to be 0.632, which was derived from a distance argument based on the fact that bootstrap samples are supported by about 0.632n of the original families [6, 7] . Note that the weighted estimator can also be written as . Therefore, it can be considered as a variant of shrinkage estimator, with the amount of shrinkage depending on ω and . Although an adaptive choice of the weight is attractive, as in the 0.632+ method [7] , time constraints precluded its inclusion in this study.
Bias reduction of the three estimators was compared according to whether the localization was a true or false positive. We classified significant findings in the 100 replicates into true or false positives, according to the answers (disease loci D1 and D2 on chromosomes 1 and 3 for the AI, KA, and DA populations, and disease loci D3 and D4 on chromosomes 5 and 9 for AI and KA). A true positive was defined if the detection was within 10 cM of the true disease gene location. The true genetic effects were estimated by averaging corresponding estimates from all 100 replicates.
Results and discussion
Averaging over all 100 replicates, the genome scans based on microsatellite markers at 7-cM density yielded similar performance in power and in accuracy of location esti-
− mates to those based on SNP markers at 3-cM density ( Table 1 ). The power to detect disease gene loci varied among populations (Table 1) , and the DA population generally had the highest power among the three populations.
For the microsatellite marker analysis, we used replicates 1 and 35 to illustrate the application of the three boot-strap-based estimators ( Table 2 ). Replicate 1 was used for our initial genome scan. Replicate 35 was chosen because it contained an unambiguous false positive for the DA population on chromosome 6, after the chromosome containing the locus with highest test statistic (i.e., a true positive) was removed. We confirmed that the naïve estimates overestimated the true genetic effects. In this example, the most severe overestimation occurred at the false positive location. Figure 1 depicts the biases of naïve and bootstrap-based estimates at various levels of true genetic effect. The bootstrap-based estimates were less biased than the naïve estimate for both true and false positives. When the true genetic effect was relatively large and power was high, such as the location at 169.97 cM on chromosome 1 of DA population (Table 2) , the three estimators gave roughly the same genetic effect estimate and had low bias. When the true genetic effect was moderate, such as the significant loci on chromosome 3 of AI population and chromosomes 5 and 9 of KA population, the three estimates were different. The shrinkage estimates overcorrected, while the weighted estimates were least biased. In the case of a false positive, i.e., the significant locus at 192.09 cM on chromosome 6 of DA population, the shrinkage estimate gave the best result in terms of bias, followed by the out-of-sample estimate and the weighted estimate.
The bias reductions for the SNP marker analysis are presented in Table 2 . We report results for replicates 1, 27, and 67. After the chromosomes with highest test statistic (true positives) were removed, we found two false positives at chromosome 9 (replicate 27) and chromosome 5 (replicate 67) for DA population. The bias reduction pattern was similar to the pattern in microsatellite markers a Bold text indicates the cases in which linkage was detected in replicate 1 with genome-wide significance using either the microsatellite or the SNP markers (as reported in Table 2 ).
Bias comparisons of the naïve estimate and the three resam-pling-based estimates for microsatellite markers Figure 1 Bias comparisons of the naïve estimate and the three resampling-based estimates for microsatellite markers.
( Figure 2 ). Note that selection bias in the naïve estimates was similar for microsatellite and SNP analysis, despite having twice as many markers for the latter.
The bootstrap-based estimators reduced the upward selection bias in genetic effect estimation for both microsatellite and SNP based linkage analysis. The performance of the three estimators differed according to true or false pos-itive status. The shrinkage estimator had the smallest bias for false positives but over-corrected for the true positives.
On the other hand, the weighted estimator had the smallest bias for true positives but under-corrected for the false positives. It has been shown that the bias depends on the power to detect linkage [2] . In these examples from the simulated data, we found that the shrinkage estimator had lower bias when the power was less than 20%. Otherwise, the weighted estimator provided lower bias.
In this study, our bootstrap estimators focused on genetic effect estimation for the most significant locus in a genome scan, without considering other loci that also exceeded genome-wide significance criteria. However, the underlying genetic model has multiple loci. Further research is warranted to construct a joint estimator that would simultaneously handle multiple significant loci and thereby extend bias-reduction methods to more general settings.
Conclusion
The reliability of gene detection, the accuracy of locus-specific effect estimates, and the failure to replicate initial claims of linkage or association have emerged as major concerns in genome-wide studies. Estimation of the genetic effect for a specific locus in a genome-wide scan is subject to upward bias because of selection by strict significance criteria. This bias is most severe for locations with small genetic effect and low power. Our results indicate that, in a complex disease setting, the three bootstrapbased estimators appear to be effective in reducing the selection bias of the naïve estimator. The shrinkage estimator is recommended when the power to detect the dis- 
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